Introduction
The current-voltage (I-V ) characteristics of solar cells/modules has the most importance in the photovoltaic industry because it exactly reflects the cell/module performance. However, it is not straightforward to get the model parameters from the I-V curve for photovoltaic (PV) cells/modules [1] . For example, the I-V relationship of the one-diode model as shown in Figure 1 is represented by
where I L is the photocurrent proportional to the irradiance, I o is the reverse saturation current of the diode, a is the modified ideality factor [2], R s and R sh are resistance in series and parallel, respectively. Only I and V are known from the real measurement or datasheet. • Short circuit (V = 0):
dI
• Open circuit (I = 0):
• Maximum power point (MPP): 
Nevertheless, there are still no analytical solutions to (2)-(6) due to the highly 10 nonlinearity inertially existed. Numerical solutions based on iterative searching algorithms with nonlinear least square have to be found, but it heavily depends on the initial values and is easy to be trapped by the local optimums [3, 4] .
Moreover, for different initial value guess, such an approach can result in widely different parameter solutions, all leading to satisfactory curve fitting [5, 6] .
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An alternative way to solving such a problem is to estimate the unknown parameters separately, which have been presented in several publications. [1, 6] . All these methods have to assume some simplification, in order to achieve a balance between accuracy and calculation burden. Usually, more than one I-V curves are required because the biased
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I-V characteristics are utilised in the estimation. They may work well for their respective single parameter estimation, but if the estimated parameters are put together into (1), the error becomes unacceptable [5] .
Nowadays, the prevailing modelling methods for PV cells/modules are more or less based on(2)-(6), where only the three remarkable points (SC, OC, MPP)
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are utilized. This is insufficient to get accurate, unique and reliable model parameters. It is well known that the more information we know, the more accurate model parameters we can get. However, the PV manufacturers/institutes who have the facilities to obtain the full information of the entire I-V curves often lack of an approach to utilize it, which is the method proposed in this 40
paper.
This paper presents an all-new viewpoint of dynamic systems to solve the static equation (2)- (6) . Note that for a first-order linear system described by the differential equation
where T is the time constant, its unit ramp response is governed by
which has the same format (summation of exponentials and polynomials) as well obtained by linear system identification methods [12, 13] .
This whole paper is organised as follows. Section 2 describes the way to transform the static I-V curve to the dynamic linear system output. Integralbased system identification methods and linear least square algorithm are then applied in Section 3 to get all the parameters of one-diode model simultaneously. 
then becomes,
Taking differential once on both sides of (7) results in
Taking a second differential for (8) then results in
By deleting e x/a from (8) and (9),
Let t = x and u(t) ≡ 1, (10) is equivalent to
which is a standard differential equation representation of a second order linear system [14] . t denotes the "time", u(t) and y(t) are the system "input" and "output", respectively. Since u(t) ≡ 1, y(t) is the unit step response of the system in "time" domain. Taking Laplace transform,
on both sides of (11),
Note from (7) and (8) 
Then the transfer function from Y (s) to U (s) is
The corresponding time domain differential equation is
It should be noted that (13) is different from (11) because all the initial conditions have been taken into account. So (13) is the description of the same system as described by (11) but with zero initial conditions. This aids in the proposed integral-based identification method, which will be shown as follows. 
Integral-based linear identification
For an integer m ≥ 1, define the multiple integral [12] as
Apply it to (13) with t 1 = 0, t 2 = t and m = 2,
then (14) can be rewritten as
Note that (15) holds for t = t i , i = 1, 2, · · · , N , where N is the the number of data samples on the I-V curve, it yields from (15) that
if Φ T Φ is nonsingular, the least square solution for θ by
will minimise the following error
The proof of the non singularity of Φ T Φ can be found in [12] . Once θ is determined from (16) , the parameters of one-diode model can be obtained by
Determination of R s
In order to calculate θ from (16), Φ and Γ must be known. As both of them are integrals to t, t must be prior known. However, t = V + R s I, if R s cannot be determined, Φ and Γ become unknown so that θ cannot be calculated from 65 (16).
There are many ways to determine R s beforehand [11] . Recent developments are: (1) partial shading method [1] ; and (2) local ideality method [6] . All of them either need multiple I-V curves or assume dominant exponential, which is not suitable for our purpose here.
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It is well known that R s impacts the shape of current and voltage curve near the maximum power point [2]. If R s increases, the MPP point will move to the right and the error between the real and estimated I-V curves will be positive;
If R s decreases, the MPP point will move to the left and the error between the real and estimated I-V curves will be negative, as shown in Figure 2 . Thus, R s can be used as a tuning parameter such that the root mean square error between the real and estimated I-V curves is minimised, i.e.,
It derives from (1) that Step 2. Calculate from (1) that
and the root mean square error (RMSE)
Step 3. Calculate
If ERR > 0, it implies a bigger estimation of R s . Otherwise, it implies a smaller estimation of R s . Adjust R s as follows:
, otherwise.
Step 4. Update R 
Step 5. If RM SE is less than some tolerance (Tol) or iterative cycle reaches some preset number (n), stop the searching. Otherwise, go back to
Step 2.
The flowchart of the binary searching algorithm is shown in Figure 3 . 
Example 1 (STC I-V characteristics of c-Si modules)
The I-V characteristic of a crystalline PV module under STC from the PV module testing lab of SERIS is shown in Figure 4 . The comparison between the real measured I-V curve and the fitted one are shown in Figure 5 .
95 Figure 6 illustrates the convergence of R s and RM SE. It is easy to see that R s and RM SE converge fast within 30 searching steps only. 
Example 2 (I-V characteristics family of c-Si modules)
The I-V characteristic family of a c-Si PV module under varying irradiance from 400 W/m 2 to 1200 W/m 2 is shown in Figure 7 . Similar to Example 1, the 100 flash test data is also obtained from the PV module testing lab of SERIS. 
Comparison with nonlinear least square
For a comparison between the conventional method to the proposed linear 110 approach, the nonlinear least square method is applied to solve (2) - (6) for Example 1. Table 2 . Iterations for Case (i) and (ii) have to be stopped because it is trapped by the local optimum (local singularity) and the step size is less than 10 −12 . Case (iii) and (iv) give the acceptable RMSE, but which one is the correct set of parameters for one-diode model?
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This example shows the shortcomings of the conventional methods by solving (2) -(6) with nonlinear least square:
• Only utilises the three points on the I-V curves (open-circuit, short-circuit, MPP);
• Iteration convergence heavily depends on the initial conditions;
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• Solution is not unique, i.e., different sets of parameters may results in the same acceptable fitting.
As compared to the nonlinear least square, the proposed method utilises the full points on the I-V curve and provides the unique solution with a higher accuracy.
Applications
In Sections 4 and 5, the improved accuracy and solution uniqueness of the proposed method versus the conventional nonlinear least squares method, has been examined. In comparison to the lab measurement data in Sections 4 and 5, outdoor monitoring data exhibit dynamic behaviours under varying environ-135 mental conditions. In this section, the applicability of the proposed method for outdoor daily fluctuating conditions, will be illustrated.
Outdoor module performance monitoring
Outdoor 
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The relationships between the identified parameters and the environmental operating conditions are further illustrated in Figures 11 to 14 . A proportional relationship between I L and irradiance intensity is observed in Figure 11 . It is also apparent that I o generally shows an increasing trend with rising module temperature [15] , as shown in Figure 12 . This also agrees with the theoretical temperature dependence of I o , as given by
, where E g is the band gap of silicon and B is a temperature independent constant [6] . Figure 13 illustrates that a generally decreases with increasing irradiance for G si < 300 W/m 2 and increases beyond that, which is as reported in [16] . When irradiance decreases in Figure 14 , the series resistance R s decreases and 170 the shunt resistance R sh increases, which is consistent with previous reported results [17] . The decrease in R s is due to the decreased thermal loss (I 2 R s ) with decreasing irradiance.
Conclusion
A novel method is proposed in this paper to identify all the one-diode model 
